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(57) ABSTRACT

A method for selecting a beamforming technique, applied in
an apparatus of a multi-cell network, provides optimization
to maximize effective throughput of communication based
on the multi-cell network, the optimization is modelled as a
Markovian decision process, and a multi-agent reinforce-
ment learning framework is built based on the multi-cell
network. A multi-agent reinforcement learning algorithm is
used to generate the optimization and obtain a current
beamforming selection strategy of all base stations.

10 Claims, 3 Drawing Sheets

Formulating an optimization
problem with an objective of
maximizing effective throughput of a
multi-cell network

5201

!

Modeling the optimization problem
as a Markovian decision process, and
building a MARL framework based
on the multi-cell network

S202
L~

!

Utilizing a MARL algorithm to solve
the optimization problem, and
obtaining a current beamforming
selection strategy for each BS

S203
e

!

Performing beamforming sclection
according to the current
beamforming selection strategy

S204
/SO

END



U.S. Patent Dec. 6, 2022

Sheet 1 of 3

Core Network

L— 110

I

Central Unit

,—120

US 11,522,593 B1

’/-100

v

|
!

v

Base |—130a | Base [|—130b Base |—130¢
Station Station Station
User User User User
Equipment Equipment Equipment Equipment
\140a - 140b - 140¢ \140d

FIG. 1



U.S. Patent

Dec. 6, 2022 Sheet 2 of 3

START

Formulating an optimization
problem with an objective of
maximizing effective throughput of a
multi-cell network

S201

v

Modeling the optimization problem
as a Markovian decision process, and
building a MARL framework based
on the multi-cell network

S202

/‘

v

Utilizing a MARL algorithm to solve
the optimization problem, and
obtaining a current beamforming
selection strategy for each BS

S203
/'

y

Performing beamforming selection
according to the current
beamforming selection strategy

S204
-~

END

FIG. 2

US 11,522,593 B1



U.S. Patent Dec. 6, 2022 Sheet 3 of 3 US 11,522,593 B1

/ 300
/320

Memory
Processor
P
310 Computer
Program
330

FIG. 3



US 11,522,593 Bl

1
METHOD AND APPARATUS FOR
SELECTING BEAMFORMING TECHNIQUE
IN MULTI-CELL NETWORKS

FIELD

The subject matter herein generally relates to wireless
communications, and more particularly, to a method and an
apparatus for beamforming selection in multi-cell networks.

BACKGROUND

In multi-cell networks, users at the cell edge are suscep-
tible to interference from neighboring signals, so beamform-
ing techniques can be used to increase the signal-to-noise
ratio (SNR) of user equipment at the cell edge.

The selection of beamforming technique used for down-
link transmission directly affects the communication quality
between a base station and user equipment. Conventional
beamforming techniques use base station scanning to deter-
mine an optimal beam vector, which takes a lot of time and
requires more extensive information through communica-
tion. Therefore, signal overload and computational com-
plexity will increase with the number of base stations.
Quickly providing users with an accurate and suitable beam-
forming technique is problematic.

BRIEF DESCRIPTION OF THE DRAWINGS

Implementations of the present technology will now be
described, by way of embodiment, with reference to the
attached figures, wherein:

FIG. 1 is a schematic architecture diagram of one embodi-
ment of a multi-cell network.

FIG. 2 is a flow chart of one embodiment of a method for
selecting a beamforming technique in the multi-cell net-
work.

FIG. 3 is a schematic block diagram of one embodiment
of'an apparatus for selecting a beamforming technique in the
multi-cell network.

DETAILED DESCRIPTION

It will be appreciated that for simplicity and clarity of
illustration, where appropriate, reference numerals have
been repeated among the different figures to indicate corre-
sponding or analogous elements. In addition, numerous
specific details are set forth in order to provide a thorough
understanding of the embodiments described herein. How-
ever, it will be understood by those of ordinary skill in the
art that the embodiments described herein can be practiced
without these specific details. In other instances, methods,
procedures, and components have not been described in
detail so as not to obscure the related relevant feature being
described. Also, the description is not to be considered as
limiting the scope of the embodiments described herein. The
drawings are not necessarily to scale and the proportions of
certain parts may be exaggerated to better illustrate details
and features of the present disclosure.

References to “an” or “one” embodiment in this disclo-
sure are not necessarily to the same embodiment, and such
references mean “at least one”.

In general, the word “module” as used hereinafter, refers
to logic embodied in computing or firmware, or to a col-
lection of software instructions, written in a programming
language, such as, Java, C, or assembly. One or more
software instructions in the modules may be embedded in
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firmware, such as in an erasable programmable read only
memory (EPROM). The modules described herein may be
implemented as either software and/or computing modules
and may be stored in any type of non-transitory computer-
readable medium or other storage device. Some non-limiting
examples of non-transitory computer-readable media
include CDs, DVDs, BLU-RAY, flash memory, and hard
disk drives. The term “comprising”, when utilized, means
“including, but not necessarily limited to”; it specifically
indicates open-ended inclusion or membership in a so-
described combination, group, series, and the like.

FIG. 1 is a schematic block diagram of a multi-cell
network 100. The multi-cell network 100 comprises a core
network 110, a central unit 120, a plurality of base stations
(BSs), such as a BS 130q, a BS 1305, and a BS 130c¢, and
a plurality of user equipments (UEs), such as a UE 140qa, a
UE 1405, a UE 140c, and a UE 140d. Each of BSs
1304-130c communicates with the central unit 120 and is
connected to the core network 110 by the central unit 120.

In one embodiment, the central unit 120 comprises an
access gateway device, a Radio Network Controller (RNC),
a Mobility Management Entity (MME), and the like.

In one embodiment, each BS comprises a hybrid beam-
forming architecture that supports B beams and S radio
frequency (RF) chains, where each RF chain is coupled to a
phased array, also known as a phased antenna array or
antenna array. B={b,, b,, A, bg}represents a selected set of
beam patterns, each of which can be steered in the direction
of'a predetermined B. That is, S phase arrays can manipulate
S beams simultaneously to serve a maximum number of UEs
in the same resource block (RB).

FIG. 2 is a flow chart of a method for selecting a
beamforming technique for a multi-cell network.

At step S201, formulating an optimization problem with
an objective of maximizing effective throughput of a multi-
cell network.

Specifically, the multi-cell network comprises a central
unit, N BSs, and M UEs, each BS comprises S RF chains,
and each RF chain comprises one or more antenna elements,
where N is the number of BSs, M is the number of UEs, S
is the number of RF chains.

At step S202, modeling the optimization problem as a
Markovian decision process, and building a multi-agent
reinforcement learning (MARL) framework based on the
multi-cell network.

Specifically, the multi-cell network is deployed as an
environment, and each BS is deployed as an agent to build
the MARL framework.

At step S203, utilizing a MARL algorithm to solve the
optimization problem on the MARL framework, and obtain-
ing a current beamforming selection strategy for each BS.

In one embodiment, optimization by utilizing the MARL
algorithm comprises configuring an action space, a state
space, a global reward function, and a reward function of
each agent of the MARL framework.

In one embodiment, the action space of the MARL
framework is configured as a joint action space consisting of
action spaces of all agents.

Specifically, the action space of an agent i is denoted by
A,, and the joint action space A=A xAxA,.

In one embodiment, all the agents are considered as
homogeneous multiple agents, and the homogeneous mul-
tiple agents have the same action space, i.e., A;~A,; are the
same, and A, is the combination of all possible beamforming
selection strategies.

In one example, 101=8 indicates that there are 8 available
beams, and S=4 indicates that 4 beams could be selected
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from them, then the action space A, with 10|1=8 and S=4
could be expressed as A={a,:{0,,6,,0,,0,},a,:{6,,0,,6,,
05}.25:10,.0.03.06}.2,:{0,.0,.05.0,}.A}.

In one embodiment, a binary vector b represents the
current action of each agent, i.e., the current beamforming
selection strategy of each agent. For example, when a,(t)=4,
then b,(t)=1,1,1,0,0,0,1,0].

In one embodiment, the MARL framework is built as a
centralized training and decentralized execution framework.
Since the decentralized execution is used, each agent makes
decisions independently, so that the action space does not
become larger and computation does not increase in com-
plexity as the number of agents increases.

In one embodiment, the composition of the state space of
the MARL framework is configured in same way as the
composition of the state space of each agent.

In one embodiment, the state space s, of the agent i at a
time t is represented as s,(t), and the s/(t) comprises the
action of the agent i at a previous time (t-1), the load of the
current beamforming selection, and the current downlink
traffic demand of all UEs. In particular, the agent, i.e., the
BS, can determine the current downlink traffic demand of all
UEs by monitoring the number of packets queued in a packet
buffer. Since data needed by each agent is available locally
and does not require information exchange between agents,
the state space of the MARL framework does not become
larger and the computation does not become more complex
as the number of agents grows.

In one embodiment, the global reward function of the
MARL framework is configured as the effective throughput
of the multi-cell network. The effective throughput is cal-
culated based on the beamforming selection of each BS and
the RBs assigned to each UE.

In one embodiment, each agent feeds back the current
action, i.e., the current beamforming selection to the central
unit, and after the central unit gets the selections of all BSs,
the central unit sorts all UEs according to their transmission
rates from high to low to form a UE list, and allocates the
RBs of each selected beam of each BS to the UEs based in
order according to the UE list. In other words, the central
unit allocates the RBs of all the selected beams of the BSs
in order of transmission rate of the UEs. After allocating the
RBs to the UEs, the central unit calculates the effective
throughput of the multi-cell network, i.e., a global reward
function value, based on the beamforms selected by each BS
and the RBs allocated to each UE.

In one embodiment, the central unit configures a reward
function value of each agent as a contribution of the agent
to the global reward function value, and feeds back the
reward function value to the agents. That is, the reward
function value of each agent is the effective throughput
contributed by the agent.

If the central unit configures the reward function value of
each agent as the global reward function value, each agent
does not know how much it contributes to the global reward
function value. For example, one agent may have chosen an
optimal action for itself, but because other agents have
chosen poorly, it gets a bad global reward function value,
causing it to adjust its action in a wrong direction. Therefore,
in the embodiment, the reward function value of each agent
not only depends on its own action, but also depends on the
joints actions of all agents. In this way, although each agent
has its own reward function value, the agents still cooperate
with each other when maximizing the reward function value.
Because interference between cells is taken into account to
maximize their own reward function value, selfishness
among agents should not be a problem.
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Since the reward function of each agent is required for a
training phase, and the reward function value calculation of
each agent also requires channel status information feedback
from the UE, after the training phase is completed, the
reward function value is not required for a decision making
phase. Each agent takes the current action, i.e., the beam-
forming selection strategy, based on the local observation.
Therefore, in the embodiment, the training phase is central-
ized in the central unit and the decision making phase is
decentralized in each agent.

In one embodiment, the local observations of each agent
comprise a downlink traffic demand and a report as to signal
quality measured is fed back by the UEs.

In one embodiment, the downlink traffic demand is
obtained based on the number of packets queued for trans-
mission in the packet buffer.

In one embodiment, the report of measured signal quality
comprises temporary or time average, variance, and standard
deviation of a carrier to interference and noise ratio (CINR),
a received signal strength indicator (RSSI), a received signal
code power (RSCP), a reference signal received power
(RSRP), and a reference signal received quality (RSRQ).

At step S204, ecach agent (BS) performs beamforming
selection according to the current beamforming selection
strategy.

FIG. 3 is a block diagram of an apparatus 300 for selecting
a beamforming technique in the multi-cell network 100.

In one embodiment, the apparatus 300 comprises a server
and the central unit 120 of FIG. 1. The apparatus 300
comprises a processor 310, a memory 320, and a computer
program 330 stored in the memory 302 and executable on
the processor 310. The processor 310 implements the steps
in the implementation of the beamforming selection method
in the multi-cell network 100, such as S201 to S204 shown
in FIG. 2, when executing the computer program 330.

The computer program 330 may be divided into one or
more modules, the one or more modules are stored in the
memory 320 and executed by the processor 310. The one or
more modules may be a series of instruction segments of a
computer program capable of performing a particular func-
tion, which instruction segments are used to describe the
execution of the computer program 330 in the apparatus 300.

It will be understood that FIG. 3 is merely an example of
the apparatus 300 and does not constitute a limitation of the
apparatus 300, other examples may comprise more or fewer
components than illustrated, or a combination of certain
components, or different components, e.g., the apparatus
300 may also comprise input and out modules, communi-
cation module, communication modules, a bus, etc.

In one embodiment, the processor 310 comprises a micro-
controller, a microprocessor, a compact instruction set com-
puting microprocessor, an extra-long instruction set com-
puting microprocessor, an extra-long instruction set
computing microprocessor, and a digital signal processor or
other circuitry having computational processing capability.

In one embodiment, the memory 320 comprises com-
puter-readable memory media that is read-only memory,
random access memory, magnetic memory media, optical
memory media, flash memory, electrical or other physical
and tangible non-transitory storage devices.

In summary, the method and the apparatus for selecting a
beamforming technique in the multi-cell network do not
require multiple BSs to have full channel status information
when performing beamforming selection, and real-time
downlink traffic demand is taken into consideration during
beamforming selection. A decentralized learning framework
is adopted, which enables multiple BSs to perform joint
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beamforming selection in a decentralized manner and effec-
tively increase network throughput in the long term.

The embodiments shown and described above are only
examples. Many details are often found in the relevant art
and many such details are neither shown nor described. Even
though numerous characteristics and advantages of the pres-
ent technology have been set forth in the foregoing descrip-
tion, together with details of the structure and function of the
present disclosure, the disclosure is illustrative only, and
changes may be made in the detail, especially in matters of
shape, size, and arrangement of the parts within the prin-
ciples of the present disclosure, up to and including the full
extent established by the broad general meaning of the terms
used in the claims. It will therefore be appreciated that the
embodiments described above may be modified within the
scope of the claims.

What is claimed is:

1. A method for selecting a beamforming technique
applied to a multi-cell network that comprises a plurality of
base stations (BSs), the method comprising:

formulating an optimization problem with an objective of

maximizing effective throughput of the multi-cell net-
work;

modeling the optimization problem as a Markovian deci-

sion process;

building a multi-agent reinforcement learning (MARL)

framework based on the multi-cell network;

utilizing a MARL algorithm to solve the optimization

problem according to the MARL framework;
obtaining a current beamforming selection strategy for
each of the plurality of BSs; and

performing a beamforming selection, by each of the

plurality of BSs, according to the current beamforming
selection strategy.

2. The method of claim 1, wherein building a multi-agent
reinforcement learning (MARL) framework based on the
multi-cell network comprises:

deploying the multi-cell network as an environment; and

deploying each of the plurality of BSs as an agent.

3. The method of claim 1, wherein utilizing a MARL
algorithm to solve the optimization problem according to the
MARL framework comprises:

configuring an action space, a state space, a global reward

function, and a reward function for each of the plurality
of BSs.

4. The method of claim 3, wherein the method further
comprises:

configuring the action space of the MARL framework as

a joint action space comprising action spaces of the
plurality of BSs.

5. The method of claim 3, wherein the method further
comprises:
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configuring a composition of the state space of the MARL
framework to be the same as a state space of each of the
plurality of BSs.

6. The method of claim 5, wherein the method further
comprises:

configuring the state space of each of the plurality of BSs
at atime t, the state space of each of the plurality of BSs
at the time t comprises a beamforming selection of each
of the plurality of BSs at a previous time (t-1), a load
of a current beamforming selection, and a current
downlink traffic demand.

7. The method of claim 3, wherein the method further
comprises:

configuring a value of the global reward function as the
effective throughput of the multi-cell network.

8. The method of claim 7, wherein the method further
comprises:

configuring a value of the reward function of each of the
plurality of BSs as effective throughput contributed by
each of the plurality of BSs to the value of the global
reward function.

9. The method of claim 4, wherein an action of each of the
plurality of BSs comprises a combination of all possible
beamforming selection strategies.

10. An apparatus for selecting a beamforming technique
in a multi-cell network, the multi-cell network comprising a
plurality of base stations (BSs), the apparatus comprising:

a processor; and

a memory storing at least one computer program, the at
least one computer program comprising instructions
that, when executed by the processor, cause the pro-
cessor to:

formulate an optimization problem with an objective of
maximizing effective throughput of the multi-cell net-
work;

model the optimization problem as a Markovian decision
process;

build a multi-agent reinforcement learning (MARL)
framework based on the multi-cell network;

utilize a MARL algorithm to solve the optimization
problem according to the MARL framework;

obtain a current beamforming selection strategy for each
of the plurality of BSs; and

perform a beamforming selection, by each of the plurality
of BSs, according to the current beamforming selection
strategy.
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